Background
Rheumatoid arthritis (RA) is a heterogeneous disease with a complex genetic component. Previous studies identified multiple genetic regions that might be associated with RA. Amos et al. [1] identified strong linkage evidence on the major histocompatibility complex (MHC) region, 2q33 (CTLA4) and 11p12 in a genome scan. Plenge et al. [2] selected 14 genes that may be associated with RA or related autoimmune disorders and carried out a case-control study on these candidate genes, with significant results on PTPN22, CTLA4, and PADI4.
A common approach used in most association studies is to search, in a marker-by-marker fashion, for loci in association with the disease. This approach precludes consideration of interactions between genetic loci, resulting in loss of information that is important in understanding complex traits. On the other hand, consideration of highdimensional interactions makes the computational complexity unrealistically high for large-scale studies. To address these difficulties, Lo and Zheng [3, 4] showed the backward haplotype transmission association (BHTA) method for case-parent trios to be powerful for studying complex human disorders because it efficiently uses multilocus information. The method was extended in the backward genotype-trait association (BGTA) algorithm for case-control designs by evaluating association information on unphased multilocus genotypes [5] . In this paper, we applied BGTA to the Illumina genome scan (studied by Amos et al. [1] ) and the candidate gene data (studied by Plenge et al. [2] ) provided by NARAC as part of Problem 2 of Genetic Analysis Workshop 15.
Methods

Data processing
The Illumina data consist of 5407 single-nucleotide polymorphisms (SNPs) genotyped from 642 Caucasian families containing 1371 affected siblings with RA [1] . To apply the BGTA method, we first designated all unaffected people as our control group (n = 349). For families that did not contribute a control, we selected one case (n = 474). The level of missing values for the SNPs was <5%. The candidate gene data consist of 839 cases and 855 unrelated controls [2, 6] . Genotypes on 20 SNPs in 14 candidate genes were included (Table 1 ). In Plenge et al. [2] , the candidate gene data were checked for errors (~0.5%) and were found to be in Hardy-Weinberg equilibrium. There were 17 SNPs with less than 3% missing data. rs2240340 (PADI4) had ~65% missing (higher in the controls), which could potentially affect the results, and rs1061622 and 5509_5511delCAA had ~15% missing (also higher in the controls). For both data sets, we imputed the missing genotypes using fastPhase [6] .
BGTA screening
Given k SNP markers, there are 3 k possible unphased genotypes. The association information score -the genotypetrait distortion (GTD) statistic -used by BGTA is defined on the sum of the squared difference between individual genotype's sample relative frequency among the cases and the controls, i.e., GTD = + ( ) asymptotically under the null hypothesis of no association. If a marker is removed from the studied set, the GTD score might decrease or increase, thereby reflecting the contribution of that marker. The genotype-trait association (GTA) score for marker M given a current set of markers is defined as , where ΔGTD is the GTD score without M minus the GTD with M, and is an adjusting term defined in [5] that makes GTA have expectation 0 when none of the markers in the subset is associated with the trait. When M is not associated with the disease but some of the selected markers are, GTA is positive, indicating an information gain that occurs when M (i.e., noise) is removed. If M is associated with the trait, GTA will be negative, indicating an information loss, and the magnitude of its value reflects the importance of M.
Based on GTA, BGTA is a backward greedy search algorithm that removes markers that lead to information gain until no further gain is possible (see the flowchart in Figure 1) . BGTA screening returns a small "optimal" cluster of markers with the peak GTD score. Herein, a subset is deemed BGTA-irreducible if no marker can be removed without lowering the GTD score. For a large number of markers, such a backward screening is not informative initially due to sparseness issues in high dimensions. Thus, BGTA has been implemented to screen a large number of random marker subsets [5] . In this paper, GTD scores of retained local optimal clusters are recorded, which measure the information content of each retained local optimal cluster. Local optimal clusters of SNPs with GTD score higher than a selection threshold are selected as important.
Two-stage SNP selection
To overcome the computational complexity of analyzing 5407 SNPs while also considering interactions, we developed a two-stage SNP selection process (see Figure 1 for a flowchart). We assume that SNPs with high-dimensional interaction information will show some signal in pairwise GTD scores (this is an assumption that reduces computational burden). In Stage 1, we selected 1000 BGTA-irreducible pairs of SNPs with top GTD scores, which also included 22 SNPs with top marginal GTDs. This yielded 707 unique SNPs for the second stage, where we performed a regular BGTA screening on 700,000 random subsets of 8 SNPs. For discussion on the size of the subsets and the number of repeats, see Zheng et al. [5] .
Candidate gene study
For the candidate gene set, we evaluated a total of 2 20 -1 GTD scores on all possible subsets of 20 SNPs (except for the empty set) to enumerate GTD's distribution for each subset size. Then we performed 30,000 greedy BGTA
Flowchart for the analysis of the genome scan data Figure 1 Flowchart for the analysis of the genome scan data.
screenings on subsets of 8 SNPs to identify local optimal BGTA-irreducible SNP clusters.
Selection threshold and evaluation of significance
To estimate the distribution of GTD scores of local optimal BGTA-irreducible SNP clusters under the null hypothesis that no SNP is associated with the trait, we permuted the labels of disease status to create a simulated data set. For the two-stage study, we examined the GTD score density of returned clusters in the second stage from complete two-stage analyses of 50 permuted data sets. False discovery rate (FDR) was controlled by comparing the observed real density and the density under the null hypothesis (see [7] [8] [9] ). For the candidate gene study, we set the selection threshold for each SNP subset size to be the maximum among 100 permuted replicates (the red dotted line in Figure 2 ) and identified local optimal BGTA-irreducible SNP subsets as significant at the 1% family-wise level. The relatively small number of permutations was due to the high computational burden of the analytical approach. This would result in non-trivial margin of error for the significance levels evaluated, which needs to be taken into consideration when interpreting the results.
Association network construction
For subsets identified with more than one SNP, we constructed a graphical network using the graph exploration system GUESS [10] (Figures 3 and 4) . A direct edge indicates a two-SNP cluster. For clusters with more than two SNPs, a non-SNP node was created with all involved SNP connected to it.
Results and discussion
Genome scan results
From the two-stage screening of the Illumina data, clusters of SNPs with high GTD scores were returned as important.
Evaluation of significance of in the RA candidategene study Figure 2 Evaluation of significance of in the RA candidategene study. For subsets of a given size, we plotted the highest GTD score (red solid line) with a 95% confidence interval (with Bonferroni correction for 2 20 -1 multiple comparisons). The top GTD scores for sets of two to eight marker sets were significantly higher than the expected value under the null hypothesis (black dotted line at 1). Based on 100 permuted data sets, at different subset sizes, the black solid line displays the median maximum GTD scores and the vertical bars are the 95% confidence interval of permutations. For each permutation, we also calculated Bonferroni-corrected 95% confidence intervals for the maximum GTD scores. The blue shading indicates the coverage of these 100 confidence intervals at each subset size (the darkest being 0.9 to 1 (or 90 to 100%) and the lightest being 0.0 to 0.1 (or 0 to 10%)).
Based on 50 permutations, we estimated the FDR as described by Storey and Tibshirani [7] at different GTD levels. Due to the small number of permutations, the estimated FDR has a high level of uncertainty for small FDR values. Therefore, we set the selection threshold of GTD to control for FDR at 30% for the association network construction while indicating in Table 2 SNPs with stronger signals at FDR = 15%. Using the individual clusters, we built an association network (Figure 3 ) based on the joint return clusters of those loci. One central and four satellite subnetworks are notable, and a number of loci seem to serve as hubs (e.g., 1p36.22 (PADI4), 2q33.3 (CTLA4), Genome-wide association network for rheumatoid arthritis Figure 3 Genome-wide association network for rheumatoid arthritis. A different color represents each chromosome.
5p15.33, 8q24.23, 14q11.2, 14q12, and 18p11.21), which have a large number of interaction edges with other loci. The literature suggests that seven out of these eight loci have previously been found to be associated with susceptibility to RA. All 39 marker loci in the association network of Figure 3 are listed in Table 2 , about half of which were previously reported in the RA literature. One important RA susceptibility gene, PTPN22, was not among these 39 loci, but its signal was right below our selection threshold.
Candidate genes results
For the candidate gene data, we studied all possible subsets of SNPs and identified eight significant BGTA-irreducible subsets on seven SNPs after controlling for familywise type I error. The marginally significant (one-marker subset) SNPs are rs2476601 (PTPN22), and rs237025 and rs577001 (both at the locus of SUMO4). The significantly associated subsets with two or more SNPs represent possible interactions between these candidate genes in affecting the risk of developing RA. In Figure 4 , red edges indicate interactions involving more than two SNPs, whereas blue edges indicate pairwise interactions between two SNPs. As previously identified in [2] , we found PTPN22 and PADI4. However, the SNP at locus PADI4 has a high level of missing values, so results at this locus should be interpreted with caution. Tables 3 and 4 illustrate a three-way interaction among SLC22A4, SUMO4, and CARD15 identified in our results. Table 3 lists the actual genotype distribution on these three SNPs (percentages out of 839 cases and 855 controls that have observed values). Table 4 displays the deviance table from the logistic regression between the disease status and these three SNPs including all possible interactions. Deviance can be directly used as a likelihood-ratio chi-squared test statistic that evaluates the contribution of each additional model term (main effect or interaction) [17] . From the logistic regression, the three-way interaction identified by BGTA is significant even when the main effects and two-way interaction terms were already included in the model. More interestingly, only one SNP at the SUMO4 locus demonstrated a significant main effect, indicating that contributions from SLC22A4 and CARD15 are mostly through interactions.
Combining the results from the genome scan and the candidate genes results, PTPN22 had the strongest evidence as an RA susceptibility gene. SLC22A4 also showed up in the results of both studies. 
Conclusion
In this paper, the BGTA approach was applied to identify important genetic loci and gene × gene interactions on susceptibility to RA. Different analytical strategies were tailored for these two data sets of different nature, illustrating the applicability of BGTA and the GTD statistic to different studies. Using the BGTA method, both marginal and gene × gene interaction information were extracted and reflected in the GTD scores. Under a general analytical framework, both analyses result in association networks constructed based on gene clusters with significant association to RA. To overcome the dimensionality problems of a genome scan, we imposed a two-stage scheme based on BGTA screenings. For a small number of candidate genes, we used GTD directly on subsets of genes to identify clusters that were significantly associated with RA disease status. We addressed the multiple comparisons issue using the most direct permutation-based evaluation and controlled the FDR and the family-wise type I error rate. Both association networks identified in this paper demonstrated evidence on gene × gene interaction in affecting the risk of developing RA. Visualization of these networks displays interesting structures that could be used to generate testable biological hypotheses.
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